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mitochondrial genomes have been reported in many human cancers,
although their role in the development of the disease is not clear14.
Acquisition of somatic mutations in cancer genomes
The mutations found in a cancer cell genome have accumulated over
the lifetime of the cancer patient. Some were acquired when ancestors
of the cancer cell were biologically normal, showing no phenotypic
characteristics of a cancer cell (Fig. 1). DNA in normal cells is con-
tinuously damaged bymutagens of both internal and external origins.
Most of this damage is repaired. However, a small fraction may be
converted into fixed mutations and DNA replication itself has a low
intrinsic error rate. Our understanding of somatic mutation rates in
normal human cells is still relatively rudimentary. However, it is likely
that the mutation rates of each of the various structural classes of
somaticmutationdiffer and that there are differences among cell types
too. Mutation rates increase in the presence of substantial exogenous
mutagenic exposures, for example tobacco smoke carcinogens,
naturally occurring chemicals such as aflatoxins, which are produced
by fungi, or various forms of radiation including ultraviolet light.
These exposures are associated with increased rates of lung, liver
and skin cancer, respectively, and somatic mutations within such
cancers often exhibit the distinctive mutational signatures known to
be associated with the mutagen15. The rates of the different classes of
somatic mutation are also increased in several rare inherited diseases,
for example Fanconi anaemia, ataxia telangiectasia,mosaic variegated
aneuploidy and xeroderma pigmentosum, each of which is also assoc-
iated with increased risks of cancer16,17.
The rest of the somaticmutations in a cancer cell genome have been
acquired during the segment of the cell lineage in which predecessors
of the cancer cell already show phenotypic evidence of neoplastic
change (Fig. 1). Whether the somatic mutation rate is always higher
during this part of the lineage is controversial18,19. For some cancers
this is clearly the case. For example, colorectal and endometrial
cancers with defective DNA mismatch repair due to abnormalities
in genes such asMLH1 andMSH2, exhibit increased rates of acquisi-
tion of single nucleotide changes and small insertions/deletions at
polynucleotide tracts20. Other classes of such ‘mutator phenotypes’
may exist, for example leading to abnormalities in chromosomenum-
ber or increased rates of genomic rearrangement, although these are
generally less well characterized20. The merit of an increased somatic
mutation rate with respect to the development of cancer is that it
increases the DNA sequence diversity on which selection can act.
However, it has been suggested that themutation rates of normal cells
may be sufficient to account for the development of some cancers,
without the requirement for a mutator phenotype18,19.
The course of mutation acquisition need not be smooth and pre-
decessors of the cancer cell may suddenly acquire a large number of
mutations. This is sometimes termed ‘crisis’21, and can occur after
attrition of the telomeres that normally cap the ends of chromosomes,
with the cell having to substantially reorganize its genome to survive.
Although complex and potentially cryptic to decipher, the catalogue
of somatic mutations present in a cancer cell therefore represents a
cumulative archaeological record of all the mutational processes the
cancer cell has experienced throughout the lifetime of the patient. It
provides a rich, and predominantly unmined, source of information
for cancer epidemiologists and biologists with which to interrogate the
development of individual tumours.
Driver and passenger mutations
Each somaticmutation in a cancer cell genome, whatever its structural
nature, may be classified according to its consequences for cancer
development. ‘Driver’ mutations confer growth advantage on the cells
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Figure 1 | The lineage of mitotic cell divisions from the fertilized egg to a
single cell within a cancer showing the timing of the somatic mutations
acquired by the cancer cell and the processes that contribute to them.
Mutations may be acquired while the cell lineage is phenotypically normal,
reflecting both the intrinsic mutations acquired during normal cell division
and the effects of exogenous mutagens. During the development of the
cancer other processes, for example DNA repair defects, may contribute to
the mutational burden. Passenger mutations do not have any effect on the
cancer cell, but driver mutations will cause a clonal expansion. Relapse after
chemotherapy can be associated with resistance mutations that often





























Figure 2 | Figurative depiction of the landscape of somatic mutations
present in a single cancer genome. Part of catalogue of somatic mutations
in the small-cell lung cancer cell line NCI-H2171. Individual chromosomes
are depicted on the outer circle followed by concentric tracks for point
mutation, copy number and rearrangement data relative to mapping
position in the genome. Arrows indicate examples of the various types of
somatic mutation present in this cancer genome.
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Somatic	SNV	calling	was	performed	by	Tobias	Rausch.	By	considering	only	the	mutations	that	were	present	in	at	least	two	individuals,	we	obtained	a	list	of	121	recurrent	somatic	mutations.	In	order	to	identify	only	the	high	confidence	somatic	variants,	we	filtered	this	list	based	on	the	following	criteria:	1)	all	mutations	occurring	within	the	DAC	Blacklisted	Regions	produced	by	the	ENCODE	project	were	excluded	from	the	analysis.	The	DAC	Blacklisted	Regions	consist	of	anomalous,	unstructured	regions	of	the	genome,	as	well	as	the	regions	with	high	signal/read	counts	in	next	generation	sequencing	experiments	independent	of	cell	line	and	type	of	experiment.	There	regions	were	initially	obtained	using	80	open	chromatin	tracks	(DNase	and	FAIRE	datasets)	and	20	ChIP-seq	input/control	tracks	spanning	~60	human	tissue	types/cell	lines	in	total.		2)	mutations	that	overlapped	with	regions	of	low	mappability	were	filtered	out.	Mappability	is	a	metric	that	represents	the	regions	in	the	genome	that	cannot	be	uniquely	mapped	given	the	read	length	and	therefore	SNVs	that	were	called	in	such	regions	cannot	be	considered	high-confidence.	3)	mutations	within	the	highly	repetitive	regions	according	to	the	RepeatMasker	(http://www.repeatmasker.org/)	were	also	not	considered.	4)	mutations	that	are	present	in	the	dbSNP132	database	or	identified	by	the	1000	Genomes	Project	as	known	polymorphisms.	Such	mutations	are	very	likely	to	be	germline	variants	that	were	mistakenly	called	as	somatic	(mainly	because	of	the	lack	of	coverage	at	that	locus	in	the	control	sample).		After	applying	the	abovementioned	filtering,	we	identified	42	high	confidence	SNVs.	We	extended	each	of	the	point	mutations	to	1000	bp	regions	(500	bp	upstream	and	500	bp	downstream	of	the	mutation).	We	merged	the	overlapping	regions	and	centered	the	mutations	so	that	each	region	was	of	1000	bp	size.	This	way	we	ended	up	with	21	regions	of	interest	(Table	3).	Genomic	region	 Total	number	of	somatic	mutations	chr14:	106326613	-	106327613	 117	chr14:	106329616	-	106330616	 80	
	 47	










































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































2. Identify windows with comparable genetic 
background based on the 1st PC values 
1. Bin the entire human genome into 100 kb non-overlapping windows
3. Select recurrently mutated windows in a 
cancer-type-specific manner:
- more frequently mutated than 95% of 
similar regions in this cancer type;
- but not an outlier in other cancer types.
4. Identify 50 bp regions with 














































chr5:1295201-1295251	 11	chr12:66463226-66463276	 9	chr12:66463226-66463276	 9	chr12:66463201-66463251	 6	chr16:34210301-34210351	 4	chr13:25606376-25663301	 4	chr16:34210276-34210326	 3	chr11:32554601-32554651	 2	chr11:39773551-39773601	 2	chr12:94499151-94499201	 2	chr13:25606376-25606426	 2	chr13:25663251-25663301	 2	chr13:28526051-28526101	 2	chr16:34664551-34664601	 2	chr16:34757351-34757401	 2	chr17:21987526-21987576	 2	chr17:41558651-41558701	 2	chr19:15015551-15015601	 2	
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chr2:133018801-133019000	 12	 ANKRD30B	(3260)	 10-15	 Prostate(12)	
chr15:89096601-89096800	 9	 DET1	(6696)	 10-15	 Breast(4),	LungAdeno(5)	
chr5:2145601-2145800	 9	 IRX4	(258252)	 10-14	 LungAdeno(9)	
chr11:61635601-61635800	 8	 FADS2	(776)	 10-13	 LungAdeno(8)	
chr11:51570001-51570200	 11	 OR4C46	(53791)	 10-13	 Prostate(11)	
chr11:51580401-51580600	 11	 OR4C46	(64191)	 10-13	 Prostate(10),		Medulloblastoma(1)	chr1:235692001-235692200	 8	 GNG4	(18788)	 10-13	 Liver(1),	LungAdeno(7)	
chr4:49316401-49316600	 10	 CWH43	(252304)	 10-13	 Prostate(8),	LungAdeno(1),		Medulloblastoma(1)	chr8:129131001-129131200	 8	 PVT1	(17503)	 10-13	 Breast(1),	LungAdeno(7)	
chr13:23151201-23151400	 10	 BASP1P1	(320081)	 10-12	 LungAdeno(10)	
chr2:88791201-88791400	 8	 TEX37	(32770)	 10-12	 Lymphoma(7),		Medulloblastoma(1)	chr3:197825801-197826000	 8	 ANKRD18D	(18211)	 10-12	 Breast(3),	LungAdeno(5)	
chr7:64574001-64574200	 8	 CCT6P3	(38911)	 10-12	 Prostate(1),	Breast(2),		LungAdeno(5)	chr2:107016201-107016400	 8	 RGPD3	(5047)	 10-12	 Breast(1),	Liver(1),		LungAdeno(6)	chr16:46412201-46412400	 10	 ANKRD26P1	(90854)	 10-12	 Prostate(7),	LungAdeno(3)	
chr2:133019401-133019600	 10	 ANKRD30BL	(3860)	 10-12	 Prostate(9),	LungAdeno(1)	
chr19:46151601-46151800	
	
7	 EML2	(2715)	 10-12	 LungAdeno(7)	
Table 6. High confidence non-coding candidates regions ranked by the statistics 



























































chr3_41266001_41266200	 27	 CTNNB1(0)	 4,34E-52	 5_UTR,Exon	chr8_128748801_128749000	 26	 MYC(0)	 2,71E-50	 Enhancer,5_UTR,Exon	chr17_7578201_7578400	 23	 TP53(0)	 1,22E-43	 Enhancer,Exon	chr17_7578401_7578600	 22	 TP53(0)	 1,85E-41	 Enhancer,5_UTR,Exon	chr3_187462801_187463000	 22	 BCL6(0)	 2,62E-40	 Enhancer,Exon	chr17_7577401_7577600	 21	 TP53(0)	 2,69E-39	 Enhancer,Exon	chr2_89160201_89160400	 21	 MIR4436A(48234)	 5,73E-37	 Promoter,Exon	chr8_128749201_128749400	 19	 MYC(0)	 4,94E-35	 Enhancer,Exon	chr8_128749001_128749200	 19	 MYC(0)	 4,94E-35	 Enhancer,Exon	chr2_89159401_89159600	 19	 MIR4436A(47434)	 6,44E-33	 Promoter,Exon	chr3_187462601_187462800	 18	 BCL6(0)	 5,54E-32	 Enhancer,Exon	chr12_25398201_25398400	 18	 KRAS(0)	 3,51E-31	 Enhancer,5_UTR,Exon	chr2_89160401_89160600	 17	 MIR4436A(48434)	 5,92E-29	 Promoter,Exon	chr5_1295201_1295400	 16	 TERT(18)	 8,38E-29	 Enhancer,Promoter	chr17_7577001_7577200	 16	 TP53(0)	 8,38E-29	 Enhancer,Exon	chr3_187463001_187463200	 16	 BCL6(0)	 5,92E-28	 Enhancer,5_UTR,Exon	chr2_89159601_89159800	 16	 MIR4436A(47634)	 5,23E-27	 Promoter,Exon	chr8_128749401_128749600	 15	 MYC(0)	 8,92E-27	 Enhancer,Exon	chr8_128749601_128749800	 15	 MYC(0)	 8,92E-27	 Enhancer,Exon	chr6_91005401_91005600	 15	 BACH2(0)	 2,65E-25	 Enhancer,Exon	chr2_89159801_89160000	 15	 MIR4436A(47834)	 4,36E-25	 Promoter,Exon	chr8_128750401_128750600	 14	 MYC(0)	 8,93E-25	 Enhancer,5_UTR,Exon	chr14_69259201_69259400	 13	 ZFP36L1(0)	 8,37E-23	 Enhancer,Exon	chr1_23885601_23885800	 13	 ID3(0)	 8,37E-23	 Enhancer,Exon	
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chr3_187462401_187462600	 13	 BCL6(0)	 4,18E-22	 Enhancer,Exon	chr8_128748601_128748800	 12	 MYC(0)	 7,32E-21	 Enhancer,5_UTR,Exon	chr14_96180001_96180200	 12	 TCL1A(0)	 4,90E-20	 Enhancer,Exon	chr16_3786601_3786800	 11	 CREBBP(0)	 3,49E-19	 Enhancer,Exon	chr8_128750601_128750800	 11	 MYC(0)	 5,93E-19	 Enhancer,Exon	chr11_102188401_102188600	 11	 BIRC3(0)	 1,78E-18	 Enhancer,Exon	chr14_96179801_96180000	 11	 TCL1A(0)	 3,42E-18	 Enhancer,Exon	chr2_89160801_89161000	 11	 MIR4436A(48834)	 1,08E-17	 Promoter,Exon	chr6_31549601_31549800	 10	 LTB(0)	 2,73E-17	 Enhancer,Exon	chr12_122458801_122459000	 10	 BCL7A(0)	 4,43E-17	 Enhancer,5_UTR,Exon	chr17_1021001_1021200	 10	 ABR(0)	 4,43E-17	 Enhancer,Exon	chr3_187461801_187462000	 10	 BCL6(0)	 1,56E-16	 Enhancer,Exon	chr16_33953201_33953400	 13	 LINC00273(7653)	 2,18E-16	 Enhancer	chr2_89159201_89159400	 10	 MIR4436A(47234)	 6,34E-16	 Promoter,Exon	chr21_15554801_15555000	 12	 LIPI(0)	 1,27E-15	 Exon	chr19_11134201_11134400	 9	 SMARCA4(0)	 1,95E-15	 Enhancer,Exon	chr6_41903601_41903800	 9	 CCND3(0)	 3,03E-15	 Enhancer,5_UTR,Exon	chr2_133018801_133019000	 12	 ANKRD30BL(3260)	 6,50E-15	 Promoter	chr16_33953001_33953200	 12	 LINC00273(7853)	 6,50E-15	 Enhancer	chr1_246395801_246396000	 10	 SMYD3(0)	 6,70E-15	 Enhancer,Exon	chr11_102188601_102188800	 9	 BIRC3(0)	 7,55E-15	 Enhancer,Exon	chr3_187463201_187463400	 9	 BCL6(0)	 9,49E-15	 Enhancer,Promoter,5_UTR,Exon	chr15_89096601_89096800	 9	 DET1(6696)	 9,49E-15	 NA	chr2_89160001_89160200	 9	 MIR4436A(48034)	 3,39E-14	 Promoter,Exon	chr2_89160601_89160800	 9	 MIR4436A(48634)	 3,39E-14	 Promoter,Exon	chr2_89165401_89165600	 9	 MIR4436A(53434)	 3,39E-14	 Exon	chr2_89165201_89165400	 9	 MIR4436A(53234)	 3,39E-14	 Exon	chr21_15555001_15555200	 11	 LIPI(0)	 3,99E-14	 Exon	chr5_2145601_2145800	 9	 IRX4(258252)	 8,96E-14	 NA	chr3_18830001_18830200	 10	 SATB1(342922)	 1,13E-13	 Enhancer,Exon	chr11_61635601_61635800	 8	 FADS2(776)	 1,27E-13	 Enhancer	chr16_503001_503200	 8	 RAB11FIP3(0)	 1,27E-13	 Enhancer,Exon	chr22_27169001_27169200	 9	 MIAT(96564)	 1,30E-13	 Exon	chr6_119558601_119558800	 9	 MAN1A1(0)	 1,30E-13	 Enhancer,Exon	
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chr11_51570001_51570200	 11	 OR4C46(53791)	 1,80E-13	 NA	chr11_51580401_51580600	 11	 OR4C46(64191)	 1,80E-13	 NA	chr12_122459201_122459400	 8	 BCL7A(0)	 1,88E-13	 Enhancer,5_UTR,Exon	chr8_128748401_128748600	 8	 MYC(0)	 1,88E-13	 Enhancer,5_UTR,Exon	chr12_122463001_122463200	 8	 BCL7A(0)	 1,88E-13	 Enhancer,Exon	chr3_49413001_49413200	 8	 RHOA(0)	 1,88E-13	 Enhancer,5_UTR,Exon	chr8_128750801_128751000	 8	 MYC(0)	 1,88E-13	 Enhancer,Exon	chr16_10973001_10973200	 8	 CIITA(0)	 2,95E-13	 Enhancer,Exon	chr1_235692001_235692200	 8	 GNG4(18788)	 2,95E-13	 Enhancer	chr2_112595201_112595400	 8	 ANAPC1(0)	 5,25E-13	 Enhancer,Exon	chr16_10746601_10746800	 8	 TEKT5(0)	 5,25E-13	 Enhancer,Exon	chr3_187462201_187462400	 8	 BCL6(0)	 5,25E-13	 Enhancer,Exon	chr4_49316401_49316600	 10	 CWH43(252304)	 5,56E-13	 NA	chr6_27792201_27792400	 8	 HIST1H4J(0)	 6,96E-13	 Enhancer,Promoter,3_UTR,Exon	chr3_187660801_187661000	 8	 BCL6(197287)	 6,96E-13	 Enhancer,Exon	chr8_129131001_129131200	 8	 PVT1(17503)	 6,96E-13	 NA	chr13_23151201_23151400	 10	 BASP1P1(320081)	 1,16E-12	 NA	chr2_89163401_89163600	 8	 MIR4436A(51434)	 1,65E-12	 Exon	chr2_89157601_89157800	 8	 MIR4436A(45634)	 1,65E-12	 Exon	chr2_89164401_89164600	 8	 MIR4436A(52434)	 1,65E-12	 Exon	chr2_89164801_89165000	 8	 MIR4436A(52834)	 1,65E-12	 Exon	chr2_88791201_88791400	 8	 TEX37(32770)	 2,50E-12	 Enhancer	chr3_197825801_197826000	 8	 ANKRD18DP(18211)	 2,50E-12	 Enhancer	chr7_64574001_64574200	 8	 CCT6P3(38911)	 3,94E-12	 NA	chr2_107016201_107016400	 8	 RGPD3(5047)	 3,94E-12	 NA	chr16_46412201_46412400	 10	 ANKRD26P1(90854)	 4,59E-12	 NA	chr2_133019401_133019600	 10	 ANKRD30BL(3860)	 4,59E-12	 Promoter	chr7_298201_298400	 8	 FAM20C(0)	 5,52E-12	 Exon	chr19_46151601_46151800	 7	 EML2(2715)	 7,38E-12	 Enhancer	chr7_75616801_75617000	 7	 TMEM120A(0)	 7,38E-12	 Enhancer,Exon	chr19_11144001_11144200	 7	 SMARCA4(0)	 7,38E-12	 Enhancer,Exon	chr7_982001_982200	 7	 COX19(0)	 7,38E-12	 Enhancer,Exon	chr8_69933401_69933600	 9	 C8orf34(202145)	 8,06E-12	 Exon	
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Supplementary	Table	1.	High	confidence	recurrently	mutated	regions	identified	in	an	unbiased,	genome-wide	analysis	setup.	 	
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B	Details	on	the	methods	used	in	the	Thesis	
B.1	Methods	for	Chapter	2	
B.1.1	 Somatic	mutations	dataset	The	somatic	SNV	calling	for	the	dataset	were	performed	by	authors	of	the	original	studies	(Table	1).	We	downloaded	whole-genome	lists	of	somatic	mutations	in	VCF	format.		
B.1.2	 Principal	component	analysis	Lists	of	genetic	and	epigenetic	features	used	for	principal	component	analysis	were	obtained	from	the	following	sources:	replication	timing	and	expression	levels	for	each	region	of	the	genome	at	100-kb-resolution	were	taken	from	the	supplementary	data	of	Lawrence	et	al.,	2013;	GC	content	dataset	was	downloaded	from	the	UCSC	genome	browser,	H3K9me3	data	was	used	from	Barski	et	al.,	2007	dataset	similarly	to	the	work	by	Schuster-Böckler	and	Lehner,	2012;	HiC	compartment	data	for	lymphoblastoid	cell	line	GM06990	at	100-kilobase	resolution	was	obtained	from	Lieberman-Aiden	et	al.,	2009,	only	the	first	eigenvector	was	used.	All	features	were	averaged	to	compute	their	values	for	different	window	sizes.	To	perform	principal	component	analysis	we	constructed	a	matrix,	in	which	rows	corresponded	to	genomic	and	columns	corresponded	to	five	features	(Table	2).	Rows	with	missing	values	for	any	of	the	features	were	omitted;	then	the	matrix	was	scaled	and	centered.	The	principal	component	analysis	was	performed	in	the	R	statistical	environment	using	the	prcomp	function	and	the	corresponding	PC	loading	vectors	for	the	1st	and	2nd	PCs	were	obtained.		We	studied	correlation	between	five	individual	features,	as	well	as	the	1st	and	the	2nd	PC	loading	vectors	and	somatic	mutation	rates	in	our	cancer	dataset	at	different	resolution	i.e.	window	sizes	ranging	from	50	kb	to	10	Mb	using	Pearson	correlation	coefficients.	Somatic	mutation	rates	were	calculated	for	every	window	size	as	the	total	number	of	mutations	observed	within	a	genomic	window.	Pearson	correlation	coefficients	were	computed	using	the	cor	function	from	the	R	statistical	environment.	
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B.2	Methods	for	Chapter	3	
B.2.1	 Lymphoma	dataset	The	lists	of	somatic	mutations	for	23	lymphoma	samples	were	provided	by	Tobias	Rausch.	The	list	of	somatic	and	germline	SNVs	in	VCF	format	as	well	as	raw	RNA-Seq	data	in	FASTQ	format	were	available	in	the	lab.		
B.2.2	 Somatic	SNV	filtering	and	annotation	of	lymphoma	samples	To	obtain	a	list	of	high	confidence	somatic	SNVs,	we	filtered	out	all	SNVs	that	occurred	in	so-called	“unreliable”	regions.	This	definition	included:	1)	DAC	Blacklisted	Regions	created	by	the	ENCODE	project	(https://genome.ucsc.edu/ENCODE/);	2)	low	mappability	regions;	3)	highly	repetitive	regions	according	to	the	RepatMasker(	http://www.repeatmasker.org/).		All	data	were	downloaded	from	the	UCSC	Genome	browser	website	https://genome.ucsc.edu/.	Additionally,	we	filtered	out	mutations	that	were	listed	in	the	dbSNP132	database	(ftp://ftp.ncbi.nlm.nih.gov/snp/)	as	well	as	common	polymorphisms	identified	by	the	1000	Genomes	Project	(http://www.1000genomes.org/).		
B.2.3	 RNA-Seq	data	analysis	Raw	RNA-Seq	data	in	FASTQ	format	were	provided	by	the	GeneCore.	FASTQC	tool	(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/)	was	used	for	the	quality	assessment	and	Trimmomatic	was	used	to	trim	sequences	based	on	their	quality	(Bolger	et	al.,	2014).	The	resulting	sequences	were	then	mapped	to	the	reference	genome	hg19	annotated	using	the	Gencode_v14.	Mapping	was	performed	using	the	STAR	aligner	(Dobin	et	al.,	2013)	The	resulting	BAM	files	were	processed	using	the	RSeQC	tool	(Wang	et	al.,	2012)	.	
B.2.4	 Population	structure	analysis	For	this	analysis	germline	SNV	calls	for	23	samples	were	combined	with	germline	variants	from	11	HapMap	populations	(Supplementray	Table	2),	only	common	SNPs	were	used.	Pairwise	identity-by-state	(IBS)	and	identity-by-
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descent	(IBD)	values	for	every	sample	were	calculated	using	PLINK	tool	(Purcell	
et	al.,	2007)	with	default	settings.	The	general	guidelines	on	how	to	perform	this	analysis	are	described	in	this	online	tutorial:	http://www.cureffi.org/2012/10/15/population-covariates-using-1000-genomes/	
B.2.5	 Genotype-phenotype	correlations	analysis	Gene	expression	correlation	analysis	with	genotypes	was	performed	using	the	modified	version	of	a	pipeline	developed	by	Andreas	Schlattl.	The	pipeline	originally	performs	GC	corrections	and	normalization	by	the	read	depth	on	BAM	files	and	later	integrates	the	expression	values	with	copy-number	state	data.	It	was	customized	so	that	it	could	utilize	the	genotype	(state	of	1	kb	region	as	described	in	the	main	text)	and	a	burden	test.	It	calculates	Pearson	correlation	coefficients	between	the	genotype	and	observed	gene	expression	levels	represented	as	RPKMs,	followed	by	a	multiple	testing	correction.	
B.2.6	 Transcription	factor	binding	site	changes		The	somatic	mutation	data	obtained	from	a	dataset	on	eleven	cancer	types	(Table	1)	was	filtered	to	prior	to	the	analysis.	First,	somatic	SNVs	that	were	mutated	at	the	exact	same	position	in	two	individuals	were	selected	and	called	recurrent.	Then	among	the	recurrent	mutations	were	selected	those	that	had	another	neighboring	recurrent	mutation	within	100	bp	window.	Next,	anti-correlation	principle	was	applied	(two	recurrent	mutations	can	not	be	present	in	the	same	individual).	And	finally	on	the	remaining	list	of	candidate	regions	the	computational	prediction	of	TFBS	changes	was	performed.			Motif	data	for	this	analysis	were	obtained	from	the	two	sources:	experimentally	obtained	data	from	the	ENCODE	project	and	a	wide	collection	of	TF	motifs	from	various	sources	provided	by	HOCOMOCO	(Kulakovskiy	et	al.,	2013).		PWMs	for	the	analysis	were	first	converted	into	the	MEME	format	(Bailey	et	al.,	2009).	Mutated	sequences	of	100	bp	length	for	each	individual	were	constructed	by	computationally	introducing	the	mutations	observed	the	samples	into	the	reference	sequence.	For	every	sample	we	considered	three	sequences:	a	reference	sequence,	a	mutated	sequence	and	a	reverse	complimented	version	of	
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the	mutated	sequence.	Then	using	FIMO	tool	(Grant	et	al.,	2011)	we	computationally	predicted	all	TFBS	in	the	given	sequences.	Using	the	custom	script	we	compared	FIMO	outputs	between	the	sequences	for	each	of	the	patients	first	and	among	all	samples	harboring	mutations	with	an	assumption	that	the	observed	somatic	mutations	should	change	in	the	same	direction	(e.g.	either	create	a	TFBS	or	disrupt	it).	As	a	result	we	identified	genomic	regions	in	which	somatic	mutations	lead	to	changes	in	TFBS.	
B.2.7	 Windows-based	approach	To	identify	genomic	regions	with	single	recurrent	mutations	or	clusters	of	recurrent	mutations	we	used	a	windows-based	approach	and	binned	the	human	genome	in	non-overlapping	windows	of	various	sizes	ranging	between	50	bp	to	10	Mb.	For	each	window	we	calculated	the	number	of	patients	having	at	least	one	mutation	in	the	given	window	and	called	this	the	mutational	recurrence	of	the	region.	For	the	restricted	analysis	we	considered	only	those	regions	that	had	an	overlap	of	more	than	1	bp	or	50%	with	the	regions	of	interest	(i.e.	promoters	and	enhancers;	regions	with	RegulomeDB	score	values	1-5),	while	for	the	genome-wide	setup	of	the	analysis	we	used	all	genomic	windows	without	any	filtering.	
B.2.8	 Annotations	of	recurrently	mutated	regions			We	used	gene	annotations	from	Ensembl	(v75)	for	the	transcripts	of	all	protein-coding	genes.	5’	UTRs	and	3’	UTRs	were	used	as	defined	by	Ensembl.		For	restricted	analysis	promoter	regions	were	defined	as	in	the	work	by	Weinhold	et	al.,	2014:	the	genomic	intervals	ranging	from	2,000	bp	upstream	to	200	bp	downstream	of	all	transcription	start	sites;	27,493	enhancer	regions	(7,550	merged	unique	regions)	were	downloaded	from	the	FANTOM5	website	(Lizio	et	al.,	2015).	Using	bedtools	we	identified	regions	having	more	than	1	bp	or	50%	overlap	with	the	combined	list	of	promoters	and	enhancers.	Likewise,	we	selected	regions	that	had	more	than	1	bp	or	50%	overlap	with	regulatory	genomic	regions	according	to	the	RegulomeDB	classification.	RegulomeDB	is	a	resource	that	provides	functional	annotation	for	any	region	in	human	genome	based	on	multiple	levels	of	evidence	and	classifies	genomic	regions	based	on	the	
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evidence	into	7	categories,	where	1-5	categories	correspond	to	regulatory	regions	(Boyle	et	al.,	2012).	Similar	to	work	by	Melton	et	al.,	2015	we	required	for	genomic	windows	to	overlap	with	regions	of	1-5	RegulomeDB	categories	in	this	study.		Unfortunately,	the	number	of	genomic	windows	overlapping	with	at	least	50%	of	their	size	with	RegulomeDB	annotated	regulatory	elements	was	not	sufficient	for	further	analysis	including	cross-validations.	
B.2.9	 Identification	of	recurrently	mutated	regions	To	identify	which	of	the	genomic	windows	are	recurrently	mutated	while	controlling	for	the	regional	mutational	heterogeneity	we	used	the	following	strategy.	Let	n	be	the	total	number	of	samples.	For	a	given	region	i,	ki	is	the	number	of	individuals	that	have	at	least	one	mutation	in	the	region.		To	estimate	the	background	mutational	rate	μi	we	used	a	“global”	model:	we	stratified	the	genome	into	25	equally-sized	groups	of	genomic	windows	with	similar	genetic	and	epigenetic	background	based	on	the	1st	PC	loading	vector	values	for	each	window.	This	way	for	each	region	i	we	could	identify	a	list	of	m	genome-wide	regions	and	therefore	estimate	its	background	mutational	rate	μi	from	the	list	of	regions	as	an	average	number	of	individuals	with	mutations,	average(k1,..,km),	as	well	as	its	variance	vi.		For	each	region	i	we	computed	its	Enrichment	Score	as	ki/μi	;	one-tailed	Binomial	p-values	using	ki	and	μi	;	Negative	Binomial	test	p-values	using	ki,	μi	and	a	dispersion	parameter	calculated	as	 !!!!!!!!.	
B.2.10	Cross-validations	To	choose	the	significance	cut-off	that	would	give	us	reproducible	results	we	performed	cross-validations.	Samples	were	segregated	by	cancer	type	and	one	half	of	samples	of	each	cancer	type	were	selected	as	set	S1,	while	the	other	half	was	referred	to	as	set	S2.		
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We	performed	the	identification	of	recurrently	mutated	regions	independently	for	S1	and	S2	sets	and	then	compared	how	reproducible	the	results	were	in	terms	of	p-values	and	enrichment	scores.		Based	on	the	results	of	cross-validations,	we	chose	a	combination	of	the	window	size,	test	statistic	and	a	cut-off	value	that	ensured	high	precision	and	recall	values	based	on	the	precision-recall	analysis.	We	then	use	the	chosen	parameters	to	run	the	pipeline	on	the	complete	(S1⋃S2)	dataset.	
B.2.11	Precision-recall	analysis	For	each	window	size	and	cut-off	combination	precision	and	recall	values	were	computed	as	follows.	Recall	was	calculated	as	a	number	of	regions	that	satisfy	the	cut-off	in	both	S1	and	S2	sets	results.	Precision	was	calculated	as	a	fraction	of	the	recalled	regions	to	the	total	number	of	regions	satisfying	the	cut-off	in	both	datasets.			The	combination	of	the	window	size	with	the	p-value	cut-off	that	allows	for	the	highest	precision	given	large	recall	was	selected	as	the	optimal	choice	of	the	parameters	for	the	data.		
B.2.12	Gene	expression	analysis	We	used	gene	expression	data	obtained	using	RNA-seq	technology	for	128	medulloblastoma	samples	(Jones	et	al.,	2012).	TERT	gene	expression	values	were	compared	for	samples	wsith	and	without	mutations	in	the	region	of	interest,	6	and	122	samples	respectively.	Samples	with	high-level	TERT	amplification	were	excluded.	RPKM	values	were	used.	 	
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